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must be nearby.




Why study vision”



Many applications
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ing the brain
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Vision as an inverse problem



geometry of image formation
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Bidirectional reflectance distribution function (BRDF)
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Many worlds, one image

Q Camera




Many worlds, one image
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Shigeo Fukuda - Master of Deception
Underground Piano









A more modest proposal...



What is in an image!
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| earning-based approach

5 Labeled data Design

Learning

,, Information
Vision



Malignant

® Dermatologists (25)

=== Algorithm: AUC = 0.96

¢ Average dermatologist

=== Algorithm: AUC = 0.94
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Deep networks
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pattern recognition
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LeNet + backpropagation (1988)

C3:f. maps 16@10x10
C1: feature maps S4: 1. maps 18¢25x8
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Convolutiocns Subsampling Convolutions  Subsampling Full connection

Tig. 2. Architecture of T.eNet-5, a Convelutional Neural Network. here for digits recognition. Tach plane is a feature map, i.e. a set af units
whose weights are constrained to be identical.
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Backpropagation
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Backpropagation

Energy
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* motor scooter
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[Zeiler & Fergus 2014]
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Catalyst: ImageNet 1000

covered wagon (.83% garbage truck 0.79%

% W .

fishing rod 0.01% bridge 0.01%

shoppmg cart 1.07%

-«f#‘
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Mabh.

Gondola
L2 4.4% - Mah. 99.7%

iy
\;‘Iu ‘ crane 0.87%
i n
SN I/
Palm — - | r =
L2 6.4% - Mah. 98.1% cabbage tree 0.81% pine 0.30% pandanus 0.14% iron tree 0.07% logwood 0.06%

~1K Images for 1K categories = ~1M images

[Deng et al 2010]
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| arge annotated datasets

Number of categories vs. number of instances
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[Lin et al. 2015]



Deep networks Large annotated datasets
1980-1990 2004-2010

Neuroscience W Google
1960-19390 Flickr, AMT
2003-2008

Moore’s law, GPUS
1960-2015



SUCCESS stories
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Small duck; feeds by diving to catch mainly
fish with thin, serrated bill. Breeding males
have showy black and white crest, a coupl...

Bufflehead

[van Horn et al
2014,2016]
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550 specles
of N. American
birds Hooded Merganser App store:

~Merlin Bird ID”

Small duck; feeds by diving to catch mainly
fish with thin, serrated bill. Breeding males
have showy black and white crest, a coupl...

Bufflehead

lvan Horn et al
2014,2016]
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UNSTRFAKED BREASTS

® SPARRDWS are small brown-badied birde with steeaked backs and
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Invariance to pose and background
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| 0s Angeles = 1M trees
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Discovery: FlyBowl

tSNE dimensionality reduction

O female
QO male

right wing extension
left wing extension

h!;: hidden states of unsupervised model



=d

S —

flavk\ﬂk‘.




=d

S —

flavk\ﬂk‘.




Simulation: FlyBowl




Simulation: FlyBowl




Simulation: FlyBowl

simulated




Challenges



long tails (N->0)



: 769561 specimens - 9031/15000 species
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eBird: 769561 specimens - 9031/15000 species
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SVM & NN Performance
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| evels of understanding

* Memorizaton / recall
» Generalization / prediction

e Mechanisms / intervention



Correlation vs causation
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Causation cause

e
. . dependence
X Y <+
(X=1) = in bed (Y=1) = fever
Correlation

01 1 —
@ P(X:HY): 0.0 if Y =0
09 if Y=1
@ X)) = 0.03 1:i X
0.95 it X
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Definition of causation
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XWY & P(Y | X) # P(Y)
X 5 Y < P(Y |do(X)) # P(Y)

[Pearl 2000]
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Prediction vs intervention
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°
CIarIfm. ABOUT PRICING DEVELO

CoOw milk agriculture farm cattle livestock dairy

beef hayfield field grass mammal pasture calf
farmland rural animal pastoral bull grassland
cow beef agriculture cattle milk pasture mammal
livestock farmland grass farm hayfield rural herd

dairy pastoral grassland field calf bull

cow mammal pasture grass animal no person nature

agriculture livestock hayfield cattle farm rural field

milk grassland beef pastoral countryside




°
CIarlfm. ABOUT PRICING DEVELO

0 milk agriculture farm cattle livestock dairy
= hayfield field

grass mammal pasture calf

farmland rural animal pastoral bull grassland

° eef agriculture cattle milk pasture mammal

Btk farmland grass farm hayfield rural herd

dairy pastoral grassland field calf bull

mammal pasture grass animal no person nature
culture livestock hayfield cattle farm rural field

milk grassland beef pastoral countryside
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beach sand travel no person water sea seashore

summer sky outdoors ocean nature

no person water mammal cattle outdoors
landscape travel sky livestock
water no person beach seashore sea sand mammal

outdoors travel ocean surf sky




bird goose poultry wildlife
waterfowl animal no person feather nature

beak outdoaors water wild lake pool

bird nec person one




Schoolbus = S i " S Ostrich

Grouse
Ostrich

Ostrich

[Szegedy et al. 2014]




| evels of understanding

* Memorizaton / recall
» Generalization / prediction

« Mechanisms / intervention .



theory-driven design



Acral-lentiginous melanoma
/@ Amelanotic melanoma

A AN /,. Lentlgo melanoma
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M Acral-lentiginous melanoma
/@ Amelanotic melanoma
O Lentlgo melanoma
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